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Abstract 

Accurate 3D volume measurement of transparent adhesives is essential for ensuring 

dispensing quality and production efficiency in precision manufacturing. We present a robust 

line laser scanning system enhanced by automatic camera calibration and complementary 

spectral background optimization (CSBO), which improves 3D reconstruction accuracy by 

suppressing transmitted light and internal reflections—without complex ray-tracing models. 

A novel subpixel laser stripe centroid extraction algorithm is further introduced, integrating a 

candidate point mechanism with a dynamic weighted multi-factor scoring strategy (DWMF-

SS) to enhance stability and noise robustness. Experiments show that the proposed centroid 

extraction method surpasses conventional approaches in precision and interference resistance, 

while the CSBO method achieves a minimum relative volume error of 1.62% against ground 

truth, enabling real-time industrial measurement of transparent materials. 

Keywords: 3D reconstruction, volume measurement, laser scanning, transparent object measurement, 3d metrology 

 

1. Introduction 

Manual adhesive dispensing, commonly used in electronic 

packaging and precision manufacturing, often results in 

inconsistent quality and low efficiency, thereby impeding 

progress toward high-precision industrial production. 

Automated dispensing machines [1] overcome these 

challenges by employing precise control mechanisms to 

ensure accurate adhesive application via techniques such as 

dot dispensing, line drawing, and complex coatings. This 

technology is extensively employed in precision 

manufacturing processes across the electronics [2], 

automotive, and medical industries, providing crucial 

technical support to improve productivity and elevate 

product reliability. 

Conventional pneumatic dispensers regulate adhesive 

deposition through air pressure magnitude and valve 

actuation duration. However, inherent system limitations, 

particularly fluctuations in air pressure, pose significant 

challenges to maintaining uniform adhesive discharge. 

Excessive material deposition may induce adhesive 

overflow, while insufficient discharge risks causing 

inadequate bonding strength or compromised airtightness. 

These issues ultimately lead to product performance failures 

and quality deterioration. Furthermore, inaccurate adhesive 

dispensing can also instigate rework operations and material 

waste, escalating production costs. Consequently, the precise 
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volume measurement of dispensed adhesive serves as a 

critical process control node, providing essential data-driven 

guidance for calibration of adhesive discharge, with direct 

implications for enhanced product quality and manufacturing 

efficiency. 

Existing adhesive volume measurement techniques 

include manual methods, ultrasonic approaches [3], 

electrochemical systems [4], and optical non-contact 3D 

methods [5]. Manual methods typically utilize electronic 

calipers to track piston trajectories, combined with adhesive 

formulation ratio calculations. However, this approach 

exhibits inherent limitations, including time-consuming 

procedures, measurement inaccuracies, and elevated labor 

costs, failing to satisfy modern industrial demands for 

precision and operational efficiency. Ultrasonic methods 

estimate volume by analyzing propagation time, reflected 

signals, and attenuation but are sensitive to material 

properties and environmental variations, which compromises 

measurement accuracy. Electrochemical methods, limited by 

the dielectric nature of most adhesives, struggle to achieve 

reliable industrial applications. Advancements in optical 

imaging have positioned 3D vision inspection as a prominent 

focus of research and development. Optical non-contact 3D 

methods capture surface light reflection patterns to acquire 

geometric and optical data [6], reconstructing high-precision 

3D models in real time. By integrating image processing 

with 3D data analysis, these systems excel in applications 

such as defect inspection, outperforming other methods in 

accuracy and stability, particularly for opaque materials. 

Traditional reflection-based 3D measurement methods (e.

g., structured light projection [7-9], photometric stereo [10-1

1], and stereo vision [12-13]) demonstrate significant limitati

ons when applied to transparent object, and typically exhibit 

substantial measurement inaccuracies or even fail to achieve 

complete reconstruction. Phase shifting profilometry (PSP) p

erforms well for objects with diffuse surfaces, as it relies on a

ccurate intensity values from captured fringe patterns. Howe

ver, for transparent objects such as glass, reflections from bot

h front and back surfaces overlap, causing intensity aliasing i

n the recorded fringes [14].  

This technical constraint primarily stems from the fundam

ental incompatibility between transparent surfaces and the dif

fuse reflection assumption inherent in these conventional met

hods, rendering them inherently unsuitable for direct applicat

ion in the 3D reconstruction of transparent objects. The optic

al interaction between transparent objects and incident light i

s highly complex, including multiple reflection and refraction

 phenomena that pose substantial challenges for optical path t

racing [15]. Furthermore, transparent materials inherently lac

k distinct surface textural features, instead exhibiting environ

mental distortion patterns that are susceptible to viewpoint va

riations and ambient interference. The refractive behavior of 

these materials is dependent on spatially varying and potentia

lly non-uniform refractive indices, which further compounds 

the analytical complexity of optical path determination [16]. 

These factors significantly amplify the complexity of 3D data

 acquisition, feature matching, and data processing, presentin

g formidable challenges for 3D reconstruction and volume m

easurement of transparent adhesives. The intricate and irregul

ar geometric shapes formed during adhesive dispensing furth

er exacerbate measurement difficulties, imposing rigorous pe

rformance requirements on 3D imaging systems and noise-re

sistant algorithms. 

In recent years, researchers have developed a variety of 

laser scanning fusion technologies to overcome these 

challenges. He et al. [17] developed an innovative laser 

tracking frame to frame strategy capable of effectively 

detecting and discriminating laser lines reflected from the 

anterior surfaces of transparent objects. This single-scanning 

approach with secondary reflection modelling enables 3D 

morphological reconstruction of anterior surfaces, providing 

a novel solution for 3D reconstruction of optically complex 

transparent materials. Despite its effectiveness, this approach 

leads to a significant increase in computational cost due to 

complex ray-tracing algorithms. Building upon prior 

advancements, He et al. [18] developed a multi-stage surface 

reconstruction framework for transparent materials, which 

employs a four-tier refinement architecture. This method 

progressively extracts primary reflection points from 3D 

candidate clusters, and demonstrates enhanced stability and 

precision compared to conventional laser scanning 

techniques. However, this approach remains susceptible to 

interference from severe cross-reflections, which manifests 

as reconstruction to ineffective candidate feature point 

discrimination, thereby compromising both reconstruction 

clarity and dimensional accuracy. In addition, this stereo 

imaging system elevates hardware implementation costs. 
This study designed a volume measurement system for 

transparent adhesives, aiming to overcome the limitations of 

current methods in transparent adhesives discharge 

calibration. The proposed system utilizes a traditional 

monocular line laser scanning system [19-20] to acquire 

higher precision transparent adhesives depth map data. 

Furthermore, multi-stage 3D reconstruction and geometry 

analysis algorithms were employed to achieve high precision 

measurements of transparent adhesives volume. The primary 

contributions of this article are as follows. 

1) We proposed an automatic camera calibration method. 

By simplifying the calibration process and eliminating 

secondary calibration steps, this method not only 

reduces cumulative errors but also enhances production 

efficiency 

2) An improved laser stripe centroid extraction method wa

s proposed, which is based on the gray-level center of g

ravity approach and incorporates a novel candidate poin

t selection mechanism along with the DWMF-SS metho
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d. DWMF-SS integrates multiple scoring criteria to achi

eve robust sub-pixel localization, reducing errors from s

ingle-variable approaches and improving stability and p

recision. 

3) We proposed a CSBO method by leveraging the comple

mentary transmitted light absorption properties of the b

ackground substrate, which effectively mitigates interna

l laser scattering and reflection interference. Without co

mplex ray-tracing algorithms and auxiliary equipment, t

his optical method significantly enhances 3D reconstruc

tion accuracy of transparent adhesives. 

4) This volume measurement system integrated into adhesi

ve dispensing workflows enables high precision volume

 measurement of transparent adhesives, providing precis

e data-driven guidance and real-time feedback mechani

sm for adhesive discharge calibration. This system can 

be used for measuring various types of such materials. 

 

Figure 1. Flowchart of the system algorithm.

2. Imaging optimization method and 3D system 

calibration  

The system algorithm flow is shown in Figure 1. We 

employs a line laser scanning system enhanced by 

automatic camera calibration and complementary spectral 

background optimization (CSBO). Furthermore, we propose 

a novel laser stripe centroid extraction algorithm for 3D 

reconstruction, followed by geometry analysis of the 

reconstructed data to obtain the volume of transparent 

adhesives. 

2.1. Complementary spectral background optimization 

As shown in Figure 2, the proposed CSBO method 

employs a dispensing nozzle to extrude transparent 

adhesives onto the green-yellow substrate with green-

yellow spectral absorption characteristics [21], which serves 

as background panels for specimen preparation and 

experimental design. The underlying principle exploits 

wavelength-selective absorption, where materials exhibit 

wavelength-dependent optical interactions through 

preferential absorption of specific spectral bands while 

transmitting or reflecting others. This quantum mechanical 

phenomenon is governed by discrete energy states inherent 

to atomic systems, wherein electron transitions to elevated 

energy states occur through resonant photon absorption 

when incident photon energy corresponds to the inter-state 

energy differential [22]. The expression for photon energy 

𝑬 and the inter-state energy differential 𝜟𝑬 is as follows: 

𝐸 = ℎ ∗ 𝑓 =
ℎ ∗ 𝑐

𝜆
#(1) 

𝛥𝐸 = 𝐸𝑒𝑥𝑐𝑖𝑡𝑒𝑑 𝑠𝑡𝑎𝑡𝑒 − 𝐸𝑔𝑟𝑜𝑢𝑛𝑑 𝑠𝑡𝑎𝑡𝑒 =
ℎ ∗ 𝑐

𝜆𝑎𝑏𝑠𝑜𝑟𝑏𝑒𝑑

#(2) 

Where 𝝀 is wavelength of absorbed light, 𝒇 denotes the 

optical frequency, 𝒉 represents Planck's constant, and 𝒄 

corresponds to the speed of light, 𝝀𝒂𝒃𝒔𝒐𝒓𝒃𝒆𝒅  is wavelength 

of absorbed light. Consequently, material-specific energy 

level differences induce wavelength-selective photon 

absorption, thereby generating distinctive complementary 

absorption of spectral features through quantum state 

transitions. The relation between matter’s color and color 

absorbed is shown in Table 1. The violet laser employed in 

the 3D sensor demonstrates spectral complementarity with 

green-yellow substrate. Based on the spectral analysis of the 

background substrate, this optical method effectively 

attenuates complementary transmitted laser through green-
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yellow substrate, thereby suppressing scattering artifacts 

and specular reflection interference, as depicted in Figure 3.  

 
Figure 2. Schematic of designed transparent adhesives specimen. 

Table 1. The relation between matter’s color and color absorbed. 

Light Absorbed Perceived Complementary 

(Subtraction) Color Wavelength(nm) Color 

400-435 Violet Green-yellow 

435-480 Blue Yellow 

480-490 Green-blue Orange 

490-500 Blue-green(cyan) Red 

500-560 Green Purple(magenta) 

560-580 Yellow-green Violet 

580-595 Yellow Blue 

595-605 Orange Green-blue 

605-650 Redorange Blue-green(cyan) 

650-750 Red Green 

 
Figure 3. Schematic of complementary transmitted laser absorbed 

by green-yellow substrate. 

2.2. 3D imaging system Calibration 

The 3D line laser scanning system is shown in Figure 4. 

Designed specimen is mounted on a mobile robotic 

platform, where a laser emitter projects violet laser stripe 

onto the transparent adhesives dispensing region. Diffuse 

reflection occurs from the surface of the dispensed 

adhesives. The resultant reflected light is then guided 

through a lens assembly and imaged onto a high-precision 

CMOS sensor. In the system, camera calibration is essential 

for establishing a geometric mapping model between the 

image coordinate system and the world coordinate system. 

Achieving high-precision calibration and optimizing 

parameter accuracy constitute critical prerequisites for 

accurate 3D reconstruction. Conventional calibration 

methods typically involve a two-stage process. First, the 

intrinsic and extrinsic parameters of the camera are 

computed using at least 15 images captured from diverse 

poses. Second, the transformation between the camera 

coordinate system and the laser coordinate system is 

established. However, this approach is notably time-

consuming and prone to cumulative errors due to its 

sequential nature. Errors from the first step may propagate 

to the second step, leading to uncontrollable error sources. 

 
Figure 4. Schematic of 3D line laser scanning system. 

We proposed an automatic camera calibration method to 

address the aforementioned issues. The proposed method 

first fixes the calibration board onto a precision lifting 

platform and installs a fixed illumination source within the 

camera's field of view for illuminating the calibration board. 

The platform is then moved to the initial plane at 𝒁 =  0. 

The platform is raised by a predefined step size within the 

camera's field of view to reach a fixed position. The center 

points coordinate acquisition method is depicted in Figure 5. 

At each platform position, a laser stripe image is captured to 

extract the pixel coordinates (𝒖𝒊, 𝒗𝒊)  of the laser stripe 

center points. After turning on the light source and the laser 

source is turned off, an image of the calibration board is 

acquired. By merging the two images and interpolating 

using the known positions of the calibration points, the 

corresponding world coordinates (𝒙𝒊, 𝒚𝒊, 𝒛𝒊)  of the center 

points are computed. The initial intrinsic and extrinsic 

parameters of the camera can be determined using the 

homography matrix, and the distortion coefficients are 

estimated using the nonlinear least squares method. Finally, 

all parameters are jointly optimized and refined based on 

the Maximum Likelihood Estimation (MLE) method to 

complete the camera calibration. The specific steps for 

parameter optimization are as follows: 

⚫ Objective function formulation 
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Assume the observation of 3D point coordinates 𝑿 from 

the camera view is 𝒙 . Given the parameter set 𝚯 — 

including intrinsic parameters, extrinsic parameters for each 

view, and distortion parameters. The camera projection 

model (accounting for intrinsics, extrinsics, and distortion) 

is expressed as: 

𝑥 = 𝑓(𝑋; Θ) + 𝜀#(3) 

Where 𝒇: 𝑹𝟑𝒏 × 𝑹𝒌 → 𝑹𝟐𝒎𝒏 is obtained by stacking n 

replicas of 𝒇𝟏, … , 𝒇𝒎. 𝜺 is the residual vector. The problem 

of determining 𝚯 is most usefully cast as one of maximum 

likelihood estimation: the conditional probability: 𝜦(𝜣) =

𝒑(𝜺 ∣ 𝜣, 𝑿) called the likelihood function, and parameter 

estimation computes: 

𝛩
^

= 𝑎𝑟𝑔𝑚𝑖𝑛
𝛩

𝛬(𝛩)#(4) 

Assuming independent Gaussian noise, the likelihood is 

the product of conditional probabilities over all 

observations. Taking the logarithm and discarding constant 

terms yields the negative log-likelihood, which is equivalent 

to the standard least-squares solution: 

𝛩
^

= 𝑎𝑟𝑔𝑚𝑖𝑛
𝛩

𝜖2(𝛩) #(5) 

Where 𝝐(𝜣) = √𝝐𝑻𝝐 =∥ 𝒙 − 𝒇(𝑿; 𝜣) ∥ , and 𝝐𝟐(𝜣)  is 

the scalar residual. 

⚫ LM-based iterative optimization 

The parameter set 𝚯 is refined via the Levenberg–

Marquardt algorithm: 

𝛩(𝑘+1) = 𝛩(𝑘) − [𝐽𝑇𝑊𝐽 + 𝜆𝐼]−1𝐽𝑇𝑊𝜖#(6) 

Where 𝑱 is the Jacobian of residuals 𝝐 with respect to 𝚯, 

𝑾 is the block-diagonal weight matrix from the residual 

covariance, and 𝝀 is the damping factor. Iterations continue 

until convergence in both parameter updates and objective 

value. 

 

Figure 5. Schematic of center points coordinate acquisition 

method. 

3. Method for 3D reconstruction 

Through synchronized image data acquisition during 

planar scanning trajectories, cross-sectional contour profile 

image set of the adhesive specimen are obtained. The 

flowchart of 3D reconstruction is shown in Figure 6. The 

procedure after acquiring transparent adhesives contour 

profile images is divided into three steps: extraction of 

candidate points, post-processing of candidate points, depth 

map reconstruction. The role of each step is as follows: 
1. The initial phase involves filtering out random noise 

through input image filter preprocessing. Subsequently, 

directional-consistency-verified gradient analysis is 

integrated with the gray-level center of gravity 

extraction algorithm to extract the set of sub-pixel 

multi-peak candidate center points. The details of this 

process are explained in 3.1. 

2. The proposed DWMF-SS method conducts the 

preliminary screening of candidate points. This is 

followed by a secondary screening stage that 

incorporates position offset analysis and continuity 

length constraints. Finally, the linear interpolation 

algorithm is used for discontinuity region remediation 

to generate the laser stripe center line. This step is 

detailed in 3.2.  

3. After obtaining the laser stripe center line, the 

corresponding world coordinates of individual contour 

points are computed based on system calibration 

parameters. In the final stage, all center lines are 

integrated into a depth map space to reconstruct the 

3D surface of the transparent adhesives. This 

procedure is given in 3.3. 

 
Figure 6. Flowchart of 3D reconstruction. 
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3.1. Extraction of candidate points 

In order to mitigate interference from random noise, 

image smoothing is implemented in the image set through 

mean filtering. After that, each image in the image set is 

extracted separately for directional-consistency-verified 

gradient analysis to locate laser stripe candidate regions on 

a per-pixel-row basis. The schematic of candidate regions 

localization is shown in Figure 7. Based on the differences 

in gray-level value between neighboring pixels, this method 

is employed to validate candidate regions, with the specific 

principle described as follows: 
𝐼𝑏  − 𝐼𝑎 ≥ 𝐾
𝐼𝑐  − 𝐼𝑏 ≥ 0

}  →Ⅰ
Rising

∈ [𝑎, 𝑐]

𝐼𝑐  − 𝐼𝑑 ≥ 0
𝐼𝑑  − 𝐼𝑒 ≥ 𝐾

}  →Ⅰ
Falling

∈ [𝑐, 𝑒]
} →Ⅰ ∈ [𝑏, 𝑑]#(7) 

Here, 𝑰𝒂 , 𝑰𝒃 , 𝑰𝒄 , 𝑰𝒅 , 𝑰𝒆  is the gray-level value of the 

points a, b, c, d, e. 𝑲 denotes the edge detection gradient 

threshold, which can control the region edge. Consequently, 

the regionⅠ
𝐑𝐢𝐬𝐢𝐧𝐠

 andⅠ
𝐅𝐚𝐥𝐥𝐢𝐧𝐠

 is categorized as gray-level 

rising delay and gray-level falling delay. Synthesizing the 

two parts delay leads to candidate region Ⅰ ∈ [𝑏, 𝑑] 

excluding the two endpoints. Analogously, candidate 

regions Ⅱ and Ⅲ are determined. Within each candidate 

region, candidate center points are calculated through gray-

level center of gravity extraction method [23]. Assuming 

the column value range of candidate region is 𝒙 ∈ [𝑥𝑠, 𝑥𝑐] 

in a row, the conventional formula for gray-level center of 

gravity extraction algorithm is as follows: 

𝑥𝑐𝑒𝑛𝑡𝑒𝑟 =
∑ 𝑤

𝑥𝑐
𝑥=𝑥𝑠

(𝐼𝑥) ∗ 𝑥

∑ 𝑤
𝑥𝑐
𝑥=𝑥𝑠

(𝐼𝑥)
#(8) 

𝑤(𝐼𝑥) =
𝐼𝑥

256 − 𝐼𝑥

#(9) 

Where,  𝑰𝒙  is the gray-level value of point x, 𝒙𝒄𝒆𝒏𝒕𝒆𝒓 

represents the column coordinate value of candidate center 

point. 𝒘(𝑰𝒙) denotes gray-level density weighting model to 

highlight salient features within target area and improve 

localization accuracy. Finally, the positions of initial 

candidate points are extracted from each pixel row for the 

whole map. 

 
Figure 7. Schematic of candidate regions localization. 

3.2. Post-processing of candidate points 

Based on the extracted candidate points, we proposed the 

DWMF-SS method for preliminary screening of candidate 

points. The specific steps of this method are described 

below. 

1)The first step is to analyze the continuity of the 

candidate points by searching for the neighboring preceding 

and subsequent rows of each candidate point and count the 

number of points that satisfy predefined position offset 

constraint. Position offset constraint is expressed using the 

following formula: 

|𝑥𝑐
(𝑘)

− x |𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟 ≤ 𝑧𝑉𝑎𝑙𝑢𝑒#(10) 

Where, 𝒙𝒄
(𝒌)

 represents column value at the k-th point 

form candidate point set 𝒄 in a row, 𝒙𝒏𝒆𝒊𝒈𝒉𝒃𝒐𝒓 denotes the 

column value at the adjacent point form the preceding and 

subsequent row of k-th point,  𝒛𝑽𝒂𝒍𝒖𝒆 indicates the 

maximum position offset threshold. Then, the normalized 

continuity score can be deduced: 

𝑆𝑐𝑜𝑛𝑡𝑖𝑛𝑢𝑖𝑡𝑦
(𝑘)

=
𝐿(𝑘)

𝑚𝑎𝑥(𝐿)
#(11) 

Here, 𝑳(𝒌) is the number of points that satisfy predefined 

position offset constraint at k-th point. 𝒎𝒂𝒙(𝑳) represents 

the maximum 𝑳 among point set 𝒄.  

2)Furthermore, gray-level intensity score of k-th point 

can be determined as: 

𝑆𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦
(𝑘)

=
𝐼(𝑘)

𝐼𝑚𝑎𝑥

#(12) 

Where, 𝑰(𝒌) is the gray-level value of k-th point, 𝑰𝒎𝒂𝒙 is 

the maximum gray-level value among point set 𝒄. In the 

third part, historical position score of k-th point is shown in 

the following formula: 

𝑆ℎ𝑖𝑠𝑡𝑜𝑟𝑦
(𝑘)

= 1 −
|𝑥𝑐

(𝑘)
− 𝑥𝑝𝑟𝑒𝑣|

𝑅
#(13) 

Here, 𝒙𝒑𝒓𝒆𝒗 denotes column value at the initial screened 

point in the preceding row of k-th point, 𝑹 is the 

normalization factor that can be expressed as the total 

number of columns or the maximum 𝒙𝒑𝒓𝒆𝒗 among point set 

𝒄. 

3)After calculating the scores of the above three parts, 

the multi-factor dynamic weighted model was used to 

calculate the final score of k-th point:  

{
𝑆𝑓𝑖𝑛𝑎𝑙

(𝑘)
= α ∗ 𝑆𝑐𝑜𝑛𝑡𝑖𝑛𝑢𝑖𝑡𝑦

(𝑘)
+ β ∗ 𝑆𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦

(𝑘)
+ γ ∗ 𝑆ℎ𝑖𝑠𝑡𝑜𝑟𝑦

(𝑘)

𝐼(𝑘) < 0.1 ∗ 𝐼𝑚𝑎𝑥

𝑤 > 20
}  →  𝑆𝑓𝑖𝑛𝑎𝑙

(𝑘)
= 0

(14) 

Where, 𝛂, 𝛃, 𝛄 is the score weighting factors, 𝒘 is the 

candidate region pixel width. For excluding invalid points, 

the points are filtered out both with gray-level value less 

than 10% of 𝑰𝒎𝒂𝒙 among point set 𝒄 and 𝒘 larger than 20 
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pixel bits. The unique point in each row is obtained by 

calculating the maximum final score among point set 𝒄. 

As illustrated in Figure 8, there are a and b candidate 

points in the second row. These points are filtered by the 

DWMF-SS method to retain the optimal point. 𝒛𝑽𝒂𝒍𝒖𝒆 is 5 

pixel bit that represents the range of red arrows. Assuming 

the gray-level value 𝑰(𝒂) = 200, 𝑰(𝒃) = 150 at these points, 

𝑹 = 28 can be described as the column value of image, the 

red point denotes the initial screened point in the first row. 

Obviously, the calculated result is 𝑺𝒇𝒊𝒏𝒂𝒍
(𝒂)

>  𝑺𝒇𝒊𝒏𝒂𝒍
(𝒃)

 so that 

the optimal point a is retained in the second row. 

 
Figure 8. Illustration of DWMF-SS method. 

Secondary screening applies the position offset and 

continuity length constraints to exclude anomalous jump 

region caused by random noise. This method initially 

detects the discrete start point of anomalous jump region, 

where the position offset from the preceding point exceeds 

a predefined threshold. When analysis reveals that the span 

of contiguous points from the start to end point remains 

below the predefined minimum continuity length, this 

identified region will be discarded. 

In the ultimate stage, interpolated repair of contour 

interrupted regions is used to detect and locate the 

endpoints of fractured portion 𝑷𝟏(𝒙𝟏, 𝒚𝟏), 𝑷𝟐(𝒙𝟐, 𝒚𝟐) . To 

avoid the generation of false interpolation points without 

real data support, the linear interpolation method [24] 

selectively reconstructs discontinuities only when the 

discontinuity length of interrupted region falls below the 

predefined interpolation threshold by constructing 

parametric linear equations 𝑷(𝒕) = 𝑷𝟏 + 𝒕(𝑷𝟐 − 𝑷𝟏) , 𝒕 ∈

[0,1] . Based on sampling interval, absented point 

coordinates are calculated as follows: 

{
𝑥𝑖 = 𝑥1 +

𝑖

𝑁
(𝑥2 − 𝑥1)

𝑦𝑖 = 𝑦1 +
𝑖

𝑁
(𝑦2 − 𝑦1)

#(15) 

𝑖 = 1, … , 𝑁 − 1 

𝑵 represents discontinuity length of interrupted region. 

Replenishing the set of points (𝒙𝒊, 𝒚𝒊) reconstructs the 

complete center line of the laser stripe. A before-and-after 

comparison of the extracted true profile of the dispensed 

adhesives is presented in Figure 9. 

 
Figure 9. Before-and-after comparison of the extracted true 

profile of the dispensed adhesives. 

3.3. Depth map reconstruction 

Upon extraction of the laser stripe center lines, the 

scanning system applies the system calibration parameters   

to calculate the world coordinates (𝒙, 𝒚, 𝒛) of each contour 

point on the adhesive surface relative to the reference plane. 

The depth map [25] data space is a two-dimensional matrix 

containing depth Z-values and X and Y direction coordinate 

information. As shown in Figure 10, the spatial aggregation 

of all center lines is projected into a depth map space 

according to its spatial distribution characteristics. 

Therefore, spatial coordinates in X, Y and Z axes are 

recorded in the true distance pixel units to generate the 3D 

surface depth map of the reconstructed transparent 

adhesives.

 
Figure 10. Schematic of transparent adhesives 3D surface depth map reconstruction. 

4. Geometry analysis 

With the obtained 3D surface depth map of the 

transparent adhesives, the geometric-based computational 

workflow for estimating transparent adhesives volume is 

shown in Figure 11. 
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Figure 11. Flowchart of transparent adhesives geometry analysis. 

4.1. Plane fitting and rectification 

To process the reconstructed depth map, we employ 

several standard geometric analysis techniques, the 

measurement workflow initiates with defining a datum 

plane for the measured specimen to determine the optimal 

spatial distribution of depth map data for subsequent 

coordinate system unification.  
Following datum plane calibration, the depth map data 

undergoes projective coordinate transformation to achieve 

geometric rectification with the reference coordinate system. 

This critical step ensures the accuracy, consistency, and 

comparability of final measurement results. As depicted in 

Figure 12, the general process of the method is as follows: 

(1) With the yellow region of interest (ROI) designated as 

the target domain in the figure, obtaining randomly sa

mpled regions of the platform depth map data serves a

s the local plane fitting data. 

(2) The plane fitting algorithm [26] based on well- 

established principal component analysis (PCA) is 

used to fit the ROI depth map data. The equation of 

the datum plane can be express as:𝒂𝒙 + 𝒃𝒚 + 𝒄𝒛 +

𝒅 = 0, where a, b, c, and d are the fitted plane model 

parameters. 
(3) After plane fitting computation, rigid-body transforma

tion [27] is implemented to perform rotation and transl

ation operations on the original depth map data. This 

method achieves data rectification by projecting data i

nto the target plane coordinate system. 

 
Figure 12. Schematic of plane fitting and rectification. 

4.2 Connectivity-based segmentation 

This step performs connectivity-based segmentation [28] 

on the depth map, as shown in Figure 13(a), to segment the 

background and isolate volume measurement regions 

specific to the transparent adhesives. This segmentation 

method first applies 3D Otsu thresholding algorithm [29] to 

generate a binarized image, and then traverses the image 

based on run-length encoding (RLE) [30]. Subsequently, it 

allocates regions across the entire image through eight-

neighborhood connectivity analysis on encoded sequences, 

iterating until all connected regions are identified. Finally, 

geometric filtration is applied to extract the green connected 

domain representing convex depth features that exceed 

predefined depth threshold, as depicted in Figure 13(b). 

 
Figure 13. (a) Transparent adhesives depth map; (b) The result 

of connectivity-based segmentation method. 

4.3 Volume calculation  

Ultimately, as illustrated in Figure 14, the segmented 

adhesive volume measurement region undergoes geometric 
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decomposition where each pixel is regarded as an 

independent rectangular prism through the projection 

integration method [31]. The base dimensions of each prism 

correspond to the image's spatial resolution 𝜟𝒙 × 𝜟𝒚, while 

the height is defined by depth values  𝒛𝒙𝒚  from the 

calibrated depth map. The total adhesive volume is then 

calculated through volumetric integration of all individual 

prisms, expressed as: 

𝑉 = (𝛥𝑥 ∗ 𝛥𝑦) ∗ ∑
(𝑥,𝑦)∈𝑅

𝑧𝑥𝑦#(16) 

 

Figure 14. Schematic of projection integration volume algorithm. 

5. Experiment and result analysis 

5.1 Experimental setup 

To validate the effectiveness and feasibility of the 

proposed method, we conducted various experiments on the 

experimental system. The system consists of two modules: 

an image acquisition and imaging module, and an image 

processing and control module. The image acquisition and 

imaging module is primarily composed of a laser emitter 

and a high-precision CMOS sensor with mobile robotic 

platform and test specimen. After image acquisition, the 

algorithm is implemented by a program written in C++ 

executed on the image processing and control module (a 

standard PC platform).  

5.2 Experiments and comparisons of laser stripe centroid

 extraction  

Comparative experiments were conducted between the 

proposed algorithm and other traditional algorithms, 

including the Steger [32], gray-level center of gravity, 

thinning algorithm [33]. To verify the robustness and 

stability of the proposed algorithm, we performed the 

experiment on an image with significant edge diffusion 

noise as shown in Figure 15. From the image, we can see 

that the profile of the laser stripe is uneven. Additionally, 

due to the metallic luster of the object’s material, there are 

many edge diffusion noises in the image, which greatly 

affects the extraction of the center line of the laser stripe. 

This type of interference is commonly found in many 

metallic components. The extraction results (including the 

local magnification image) of the proposed algorithm and 

other traditional algorithms in this image are shown in 

Figure 16. 

 

Figure 15. The original image of laser light stripe. 

 

Figure 16. Extraction results comparison of algorithms. (a) T

he Steger method; The gray-level center of gravity method; (c) Th

e thinning method; (d) The proposed method. 

From the extraction result, the Steger method can 

preliminarily extract center points of the laser stripe. But 

since the laser stripe does not conform to a perfect Gaussian 

distribution and is affected by the edge diffusion noise, this 

results in complex light intensity distributions near the 
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edges. Such conditions can lead to erroneous extraction of 

multiple center points that erroneously incorporate noise 

points into the laser center line. The gray-level center of 

gravity method calculates the centroid for the entire column, 

which causes failure in accurate center line extraction of 

laser stripe under image noise interference. The thinning 

method is similarly compromised by edge diffusion noise, 

leading to erroneous skeleton extraction from noise points. 

In contrast, the proposed method demonstrates noise 

immunity and precisely extracts a set of center points that 

align well with the shape of the laser stripe. Additionally, 

the center points are extracted with great continuity and 

smoothness. This is because the algorithm uses the 

candidate points mechanism and takes advantage of the 

DWMF-SS method for candidate points selection, which 

effectively avoids the influence of noise. 

The performance of the laser center line extraction 

algorithm is primarily evaluated based on accuracy and 

efficiency criteria. This paper adopts the approach from 

reference [34], using the root-mean-square deviation 

(RMSD) to characterize the accuracy of the algorithms in 

extracting the laser stripe center points. The RMSD 

represents the deviation between the extracted center points 

and the true center of center points. Since other traditional 

methods cannot correctly extract center points under strong 

interference, their calculated accuracy cannot be used as a 

reference. In this experiment, we utilize a calibration board 

specifically designed for 3D laser line scanning system 

calibration as the target object. As shown in Figure 17, the 

true center line of the horizontal laser stripe (indicated by 

the green line) is obtained. The experimental RMSD data 

for each algorithm are shown in Table 2. The RMSD is: 

𝑅𝑀𝑆𝐷 = √
∑ (𝑛

𝑖=1 𝑦𝑖 − 𝑦)2

𝑛
#(17) 

where 𝒏  is the number of center points, 𝒚𝒊  is the 

calculated row value of the center point and 𝒚 corresponds 

to the true row value of each center point. 

 

Figure 17. The laser light stripe of calibration board with gre

en true center line.  

Table 2. RMSD comparison of each algorithm. 

Algorithm Steger Gray-Scale Center of Gravity Thinning Our Method 

RMSD (pixels) 0.2657 1.0253 0.1518 0.0682 

From the experimental results presented in the table, the 

proposed algorithm achieves 74%, 93%, and 55% error 

reduction compared to the Steger method, gray-level center 

of gravity method, and thinning method, respectively. This 

experiment demonstrates that the proposed algorithm has 

high precision while better satisfying industrial 

measurement accuracy requirements. To evaluate the 

extraction efficiency of the proposed algorithm, we 

compared the computational time required by each 

algorithm to process original laser stripe image under strong 

interference conditions, as mentioned earlier. The average 

extraction time across multiple repeated measurements was 

calculated. The average extraction times of the algorithms 

are presented in Table 3. 

Table 3. The average extraction time of each algorithm. 

Algorithm Steger Gray-Scale Center of Gravity Thinning Our Method 

Runtime (s) 0.0247 0.0047  0.0168 0.0053 

From the table, the experimental data proved that the 

speed of the proposed algorithm is 4.66 times faster than the 

Steger algorithm, 3.17 times faster than the thinning 

algorithm, whereas it exhibits 1.13 times slower compared to 

the gray-level center of gravity algorithm. This performance 

difference originates from the algorithm's need to process 

additional candidate points along the laser stripe periphery, 

which marginally compromises computational efficiency. 

Nevertheless, the proposed algorithm still maintains 

sufficient processing speed to satisfy industrial real-time 

requirements. 

To determine the optimal score weighting factors for 

candidate points in the DWMF-SS algorithm, we conducted 

comparative laser stripe centroid extraction experiment of six 

different sets of weighting factors using the image shown in 

Figure 15. A comparison of the magnified extraction results 

from six different sets of weighting factors is presented in 

Figure 18.
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Figure 18. A comparison of the magnified extraction results from six different sets of weighting factors.

The results indicate that, under image noise interference, 

the set (f) of weighting factors outperformed the others, 

producing extracted lines that closely matched the actual 

contour. Therefore, 𝛂 = 0.1, 𝛃 = 0.8, 𝛄 = 0.1 was selected 

as the final score weighting factors for candidate points 

calculation in the DWMF-SS algorithm. To evaluate the 

applicability and noise robustness of the proposed algorithm, 

images were acquired in a complex factory environment 

under varying noise levels, camera exposures, and reflection 

interferences. These images were processed using our 

method, and the corresponding results are shown in Figure 

19.

 
Figure 19. The Extraction results of the images using our method.

It can be observed from the Figure that the our algorithm 

delivers effective results, demonstrates wide applicability, 

and exhibits great noise robustness. 

5.3 Experiment of volume measurement  

To validate the effectiveness of the proposed CSBO 

method, we conducted comparative analyses using 

transparent adhesives specimens. First, the experimental 

setup employed a precision dispensing nozzle to extrude 

similar linear transparent adhesives beads onto five 
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distinctive color (green-yellow, blue, pink, purple, black) 

background substrate, detailed in Figure 20. Then the 

dispensed adhesives specimens were weighed using a 

precision electronic balance as shown in Figure 21, with the 

measured mass systematically documented as reference true 

value. Experimental verification was performed using the 

previously described 3D line laser scanning system in a 

workshop environment to collect the surface data of the 

specimens. After that, the image processing module 

implemented 3D surface reconstruction and volume 

measurement of dispensed adhesives through a series of 

proposed algorithms.  

 
Figure 20. The designed five different specimens. 

 
Figure 21. The experimental precision electronic balance. 

To minimize random variability, we performed five 

experimental replicates for each of the four distinct color 

substrates. Within each replicate, the volume of the 

dispensed transparent adhesives was measured 20 times, and 

the standard deviation 𝛔 of these measurements was 

subsequently calculated to assess the variability across 

repeated trials. The arithmetic mean of these 20 

measurements was then calculated and recorded as the final 

result for that replicate. Assuming the transparent adhesives 

density value is  𝝆  and predicted volume value is  𝑽 , the 

relative error ratio of volume measurement can be expressed 

mathematically as: 

𝛿 =
𝛥

𝐺𝑡

∗ 100%#(18) 

Here, 𝜟 = |𝑮𝒕 − 𝑮| denotes absolute error of volume 

measurement, 𝑮𝒕 represents the ground truth (GT) weight of 

dispensed adhesives, 𝑮 = 𝑽 ∗ 𝝆 is the measure weight of 

dispensed adhesives. The experimental results of each 

specimen volume measurement are shown in Table 4. For 

better visualization, the average relative error ratio of each 

specimen was transformed into the histogram shown in 

Figure 22. 

Table 4. Volume measurement experimental result between the proposed method and other methods. 

Test specimen NUM   GT weight (g) Volume (mm3) Standard deviation(𝜎)   Measure weight (g)  Relative error (%) 

 

Specimen 1 

Green-yellow color 

    𝝆=0.0011(g/mm3) 

1 

2 

3 

4 

5 

0.0145 

0.0201 

 0.0212 

0.0331 

0.0274 

12.997982 

17.862304 

19.696429 

29.747193 

24.633830 

0.01260 

0.00406 

0.01812 

0.00840 

0.01774 

0.014298 

0.019649 

0.021666 

0.032722 

0.027097 

1.39% 

2.25% 

2.20% 

1.14% 

1.11% 

 

Specimen 2 

Blue color 

𝝆=0.0011(g/mm3) 

 

 

 

1 

2 

3 

4 

5 

0.0124 

0.0378 

0.0324 

0.0316 

0.0308 

10.252148 

31.488689 

31.867999 

25.976667 

25.586820 

0.01752 

0.04463 

0.04934 

0.06645 

0.06609 

0.011277 

0.034638 

0.035055 

0.028574 

0.028146 

9.05% 

8.37% 

8.19% 

9.58% 

8.62% 
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Specimen 3 

Pink color 

𝝆=0.0011(g/mm3) 

 

 

 

1 

2 

3 

4 

5 

0.0152 

0.0283 

0.0315 

0.0316 

0.0263 

12.708621 

23.729974 

26.017456 

26.504059 

21.642158 

0.00206 

0.01910 

0.09560 

0.06890 

0.02561 

0.013979 

0.026103 

0.028619 

0.029154 

0.023806 

8.03% 

7.76% 

9.15% 

7.74% 

9.48% 

 

Specimen 4 

Purple color 

𝝆=0.0011(g/mm3) 

 

 

 

1 

2 

3 

4 

5 

0.0108 

0.0413 

0.0365 

0.0318 

0.0277 

8.971243 

34.652373 

30.491767 

31.271675 

27.399781 

0.00411 

0.03434 

0.04893 

0.06724 

0.05287 

0.009868 

0.038118 

0.033541 

0.034399 

0.030140 

8.63% 

7.71% 

8.11% 

8.17% 

8.81% 

 

Specimen 5 

Black color 

𝝆=0.0011(g/mm3) 

 

 

 

1 

2 

3 

4 

5 

0.0168 

0.0183 

0.0271 

0.0345 

0.0359 

14.630526 

17.417592 

23.495281 

29.986199 

31.290007 

0.02648 

0.01113 

0.00479 

0.01295 

0.01036 

0.016094 

0.019159 

0.025845 

0.032985 

0.034419 

4.20% 

4.70% 

4.63% 

4.39% 

4.13% 

 

Figure 22. Comparison of the average relative error ratio of each specimen (Error bars indicate the standard deviation of the average error 
ratio).
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Figure 23. 3D reconstruction results of each specimen. 

From the table and histogram experimental data, we can 

see that the average error ratio of specimen 1 with green-

yellow substrate is about 4 times lower than the others, 

which can reach about 1.62%. The 3D reconstruction results 

of each specimen are shown in Figure 23. A comparison of 

3D reconstruction results reveals that the depth map of 

dispensed transparent adhesives obtained via the proposed 

CSBO method exhibits greater completeness and surface 

smoothness than those from competing methods, leading to 

superior 3D shape measurement accuracy. In contrast, depth 

maps acquired through other methods exhibit varying 

degrees of surface reconstruction distortion due to internal 

optical interference. Based on the spectral analysis of the 

background substrate, a complementary green-yellow 

substrate was selected. Experimental validation confirmed 

that the green-yellow substrate exhibited the best 

performance under violet laser illumination. 

To verify the effectiveness of the system in measuring 

nonlinear or more complex adhesive shapes, we employed a 

precision dispensing nozzle to extrude six groups of 

transparent adhesives beads with different shapes onto 

green–yellow background substrate. Using our system to 

individually test each of these six specimens, we then 

utilized the resulting data to perform the statistical analysis 

and data evaluation methods discussed in our study. The 

experimental results of six groups transparent adhesives 

volume measurement are shown in Table 5. The 3D 

reconstruction results of six groups specimen are shown in 

Figure 24.

Table 5. Volume measurement experimental result of the six groups specimen. 

Test specimen NUM GT weight (g) Volume (mm3) Standard deviation(𝜎) Measure weight (g) Relative error (%) 

 

Curvilinear bead patterns 

      𝝆=0.0011(g/mm3) 

 

a 

b 

c 

0.0192 

0.0189 

0.0196 

17.038216 

16.224680 

16.287939 

0.03301 

0.01081 

0.03229 

0.018742 

0.017847 

0.017917 

2.38% 

5.57% 

8.59% 

 

Annular bead patterns 

𝝆=0.0011(g/mm3) 

 

d 

e 

f 

0.0214 

0.0145 

0.0343 

19.876290 

13.915174 

29.569542 

0.02497 

0.03851 

0.02632 

0.021864 

0.015307 

0.032526 

2.17% 

5.56% 

5.17% 
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Figure 24. 3D reconstruction results of the six groups specimen. 

From the experimental table and figure, the tested 

specimens were categorized into two groups: specimens (a), 

(b), and (c) were classified as curvilinear bead patterns, 

whereas specimens (d), (e), and (f) corresponded to annular 

bead patterns. It is observed that the relative error ratio of 

specimen (a) and (d) remains at approximately 2%, thereby 

demonstrating consistently high accuracy. However, the 

relative error ratio of specimen (b), (c), (e), and (f) exhibited 

a more pronounced increase and fluctuation, which can be 

primarily attributed to the fact that, as revealed in the 3D 

reconstruction results, the corresponding depth maps of these 

groups exhibited varying degrees of reconstructed surface 

data loss. According to the principle of laser triangulation, 

when the front surface of the workpiece exhibits a complex 

geometry or increased thickness, the camera’s line of sight is 

occluded, resulting in field-of-view blind spots in the rear 

regions and consequently causing missing scan surface data. 

This phenomenon represents an inherent limitation of line 

laser scanning systems. Currently, the mainstream approach 

to address this issue is to perform two separate scans from 

different viewpoints, allowing the previously occluded 

regions to be captured during the second scan. By merging 

the data from both scans, the missing scan information in the 

rear regions can be effectively recovered. 

6 Conclusions  

To overcome the inaccuracy, inefficiency, and high 

equipment costs of traditional measurement methods for 

calibration of transparent adhesives discharge, we designed a 

line laser scanning volume measurement system. An 

automatic camera calibration method was proposed to 

simplify the calibration process and eliminate secondary 

calibration steps. By utilizing a unique candidate points 

mechanism and the novel DWMF-SS method for candidate 

points screening, we develop an improved gray-level center 

of gravity extraction algorithm, which can enhance process 

stability and selection accuracy. Based on the spectral 

analysis of the background substrate, we proposed the CSBO 

method to suppress internal scattering and reflection 

interference without complex ray-tracing algorithms and 

auxiliary equipment.  

Experimental results show that the proposed centroid 

extraction method achieves smooth and continuous stripe 

profiles, processes images with edge diffusion noise at 

industrial real-time speeds, and attains the RMSD of 0.0682 

pixels—significantly lower than other methods. In our 

system, FPGA-based hardware acceleration enables pixel-

stream real-time processing, where noise filtering, gradient 

analysis, candidate scoring, interpolation, and centroid 

extraction are executed in parallel within a single clock 

cycle. On our test hardware, the maximum processing speed 

reaches 18 kHz (≈55.6 µs per frame), which fully meets 

industrial real-time requirements. Using the improved laser 

stripe centroid extraction algorithm, the CSBO-based volume 

measurement achieved the lowest relative error ratio of only 

1.62%. These experimental measurement results fully prove 

that the green-yellow substrate exhibited the best 

performance under violet laser illumination. Future 

developments will aim to refine the proposed system for 

calibration of transparent adhesives discharge under complex 

backgrounds, and further investigate techniques for 

supplementing or optimizing single-scan data to address the 

issue of missing information in individual scans. 
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